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Abstract

The multilingual information retrieval system of the future
will need to be able to retrieve documents across language
boundaries. This extension of the classical IR problem is
particularly challenging, as significant resources are required
to perform query translation. At Xerox, we are working to
build a multilingual IR system and conducting a series of
experiments to understand what factors are most important
in making the system work. Using translated queries and
a bilingual transfer dictionary, we have learned that cross-
language multilingual IR is feasible, although performance
lags considerably behind the monolingual standard. The
experiments suggest that correct identification and transla-
tion of multi-word terminology is the single most important
source of error in the system, although ambiguity in trans-
lation also contributes to poor performance.

1 Introduction

As Internet resources such as the World Wide Web become
accessible to more and more countries, and technological ad-
vances overcome the network, interface, and computer sys-
tem differences which have impeded information access, it
will become more common for searchers to wish to explore
collections of documents that are not written in their native
language. Beyond merely accepting extended character sets
and performing language identification, the text retrieval
systems of the future will have to provide help in search-
ing for information across language boundaries. At Xerox,
we have begun a series of experiments to explore what fac-
tors are most important in making multilingual information
retrieval systems work.

After presenting our definition of multilingual informa-
tion retrieval, we introduce several basic approaches to the
problem and discuss the previous research work in this area.
We then describe our first round of experiments using French
queries and an English document collection (TIPSTER).
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We demonstrate that multilingual information retrieval is
feasible using a general language bilingual dictionary and
some basic linguistic analysis tools, but that there is a sig-
nificant gap between monolingual and multilingual perfor-
mance. From a failure analysis of the results, we learn that
translation ambiguity and missing terminology are the two
primary sources of error, and we conclude by suggesting
some methods for resolving these problems.

Our goal in these experiments is not to build the ideal
fully-functional multilingual IR system, as the time and re-
sources required for this task are considerable. Rather, we
restrict our attention to a single language pair and try to
understand the basic requirements for effective multilingual
IR and the problems that arise from a simple implementa-
tion of such a system. From this research, we can begin
to understand which components of the system are most
important and find some directions for our future research.
Therefore, the examples of when and the reasons why the
system failed are more important than the numerical results
of the experiments.

2 Defining Multilingual Information Retrieval

There is no common currently accepted definition for multi-
lingual information retrieval (MLIR). The term has been
used in the past to cover a broad range of different ap-
proaches to information retrieval (IR) using one or more
languages. In this section, we will present a number of dif-
ferent descriptions of the multilingual IR task that have been
used by previous authors and outline our own approach to
the problem. Five different definitions for MLIR are out-
lined below.

(1) IR in any language other than English.

(2) IR on a parallel document collection or on a multilingual
document collection where the search space is restricted to
the query language.

(3) IR on a monolingual document collection which can be
queried in multiple languages.

(4) IR on a multilingual document collection, where queries can
retrieve documents in multiple languages.

(5) IR on multilingual documents, i.e. more than one language
can be present in the individual documents

Definition (1) comes from the recent TREC conferences
[Harman, 1995}, where the IR experiments in Spanish are
referred to as the multilingual track. A number of mod-
ern IR systems claim that they are performing multilingual
information retrieval because they are capable of handling



extended character sets and can be modified to perform
text retrieval in other languages. An expanded version of
this definition is (2), where it is assumed that the system
is working with a multilingual document collection but the
documents in each language are viewed as separate and in-
dependent parts of the collection. Once the query is entered,
the language of interest is fixed, and only documents in that
language are searched. This definition also covers parallel
document collections’ , which can be searched in any of their
component languages.

Definition (3) assumes that the document collection is
monolingual, but the retrieval system is capable of process-
ing queries in a number of different languages and retrieving
documents across language boundaries. With (4), a simple
extension of the previous definition, we can move to a mul-
tilingual document collection which can be searched in any
of its component languages and where documents can be re-
trieved in multiple languages in response to a single search.
Finally, we can generalize this definition still further to mul-
tilingual documents (5). The MLIR problem descriptions
above are listed in order of their complexity. Recent work on
Spanish IR [Broglio et al., 1995, Buckley et al., 1995] sug-
gests that modern IR systems and techniques can be ap-
plied eftectively to other languages. However, researchers
are only beginning to address the problem of cross-language
document access using full-text retrieval systems.

The MLIR problem as we would like to define it (3-5)
requires some form of query translation. This adds an en-
tirely new order of complexity to the traditional IR problem
and requires that an extensive knowledge base be incorpo-
rated into the system to support document access across
language barriers. However, MLIR is a far more tractable
problem thar machine translation, as the translated repre-
sentations of documents or queries are for automatic ma-
chine use only and need never be read by a human being.
Therefore the entire issue of syntactic generation and the
problems associated with incorrect resolution of ambiguity
[Oard et al., 1994] can be avoided. Information retrieval is
such an inexact science that it is not clear whether direct
query translation is necessary or even optimal for identifying
relevant documents. It may be possible to achieve a reason-
able level of performance by relying primarily on statistical
similarity information. However, recent research by Davis
and Dunning suggests that such information alone is not
sufficient [Davis & Dunning, 1996]. This is one of the im-
portant issues which needs to be explored in this expanding
field of research.

Our research concentrates on problem (3) above for sev-
eral reasons. First, in order to obtain experimental results
that are both reliable and quantifiable, it is necessary to have
test document collection with large numbers of relevance
judgements. For the moment, such resources are scarce to
non-existent in the multilingual domain. Therefore, we are
able to leverage off the extensive previous work in traditional
IR if we rely upon a monolingual test collection. Second, fol-
lowing a long tradition of experimental research, we attack
the simplest problem first, and worry later about generaliz-
ing our results to multilingual document collections.

Definition (4) adds an additional layer of complexity to
the IR problem because of the language dependent nature
of the translation process. There is no guarantee that docu-
ment similarity scores obtained by translation of the query
into several different languages will be comparable, so cre-
ating a single ranked list of documents requires research

1A parallel document collection is defined as one where the same
documents are presented in two or more languages.
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into merging strategies that is only beginning to happen for
monolingual merging problems [Voorhees et al., 1995]. Def-
inition (5) requires that scores be combined on the level of
the individual documents. We also restrict ourselves to a
single language pair (English/French) in order to minimize
the resource requirements of our experiments.

3 Basic Approaches to MLIR

Information Retrieval systems rank documents according to
statistical similarity measures based on the cooccurrence of
terms in queries and documents. For our approach to MLIR,
which tries to capture relevant documents across language
boundaries, some mechanism for query or document trans-
lation is required. Our MLIR system has been designed to
use query translation. There is no reason in principle why
the problem could not be approached using document trans-
lation instead. Queries tend to be very short (often only
one or two words), which does not provide much context
for the translation process, so it is quite possible that doc-
ument translation could lead to better performance. How-
ever, when faced with the choice between translating the
query once or translating every document in the collection,
the former seems much more realistic in terms of efficiency.
The query translation module can easily be built on top
of an already existing IR software package without having
to redesign the entire system. Furthermore, for document
translation, the storage costs increase linearly with the num-
ber of supported languages (unless document translation is
performed dynamically, which is not currently a realistic op-
tion).

Oard [Oard et al., 1994] defines three major approaches
to the problem of interlingual term correspondence, which
they call text translation, term vector translation, and La-
tent Semantic Coindexing®. Text translation describes the
process of mapping the query from the source language di-
rectly into one or more target languages using a machine
translation (MT) system. This represents the high-end ap-
proach to MLIR, since machine tramslation generally in-
volves the sophisticated use of natural language process-
ing and text generation techniques. It is characterized by
the direct resolution of ambiguity in translation using struc-
tural information from the source language text. This strat-
egy for MLIR might allow the researcher to take advantage
of the extensive body of research on machine translation
and the availability of commercial products. However, the
performance of current MT systems in the setting of gen-
eral language translation is dismal enough to make this op-
tion less than entirely satisfactory. Experiments by Radwan
[Radwan, 1994] confirm these suspicions.

As a more robust alternative, we can consider using term
vector tramslation®, a process by which each word in the
source language is mapped to all of its possible definitions
in the target language. Retrieval strategies based on the vec-
tor space model can seamlessly evaluate this extended rep-
resentation of the translated query. However, this approach
raises a number of important issues with respect to term
weighting strategies. Should each term be weighted accord-
ing to the number of translations? For example, a term with
four translations may have its importance artificially inflated
with respect to a term with a single translation unless this

2Latent Semantic Indexing [Landauer & Littman, 1990] applied to
a parallel document collection.

30ard [Oard et al., 1994] expected that the term vectors would be
extracted from a parallel aligned corpus, but we find this concept
useful for describing our dictionary-based approach also.



one to many mapping is accounted for in the term weights.
Perhaps an extended or weighted Boolean model where all
translations of each term are linked by disjunction would be
more appropriate. Furthermore, some translations of a term
will be much more common than others. Should more com-
mon translations be weighted proportionally higher? What
resources do we use to obtain this information? These ques-
tions suggest that corpus-driven methods for MLIR should
be considered.

While direct translation of the query seems like the most
viable approach to MLIR, one can also comsider methods
that derive query translations indirectly using a training
corpus. Landauer and Littman [Landauer & Littman, 1990]
and Evans et al. [Evans et al., 1991] present very com-
pelling techniques based on Latent Semantic Indexing,
which uses the singular value decomposition of a parallel
document collection to obtain term vector representations
which are comparable across all the languages of the col-
lection. Unfortunately, this technique has not yet been se-
riously tested for the MLIR problem. Davis and Dunning
[Davis & Dunning, 1996] examine several interesting alter-
native approaches which also use a parallel document col-
lection. For example, one can match the query against sen-
tences in the same language and find terms in matching sen-
tences in other languages that are strongly associated with
the query topic. Indirect query translation using training
corpora may be able to capture domain and context depen-
dent relationships that would be missed by other techniques.
We consider exploiting parallel corpora for direct or indirect
translation to be a promising line of research.

4 Resource requirements for MLIR

Extending information retrieval to the multilingual do-
main requires that researchers obtain a significant number
of additional resources, even for the simplest approaches,
where the query and the documents returned are both in
the same language. The MLIR system must be able to
handle the character sets of each language that is sup-
ported and multilingual document collections may bene-
fit from some facilities for automatic langnage recognition
[Sibun & Spitz, 1994, Grefenstette, 1995). Support for ac-
cented character sets may seem simple on the surface, but
there are some important issues that must be addressed. In
many text collections, accenting is inconsistent, and capital-
ized letters sometimes lose their accents. Our approach is
to handle these problems during the stemming process.

Efficient stemming algorithms for English have been de-
veloped over the past twenty-five years, but most of this
work will not generalize to other languages. It is not
known what investment would be required to create high-
performance stemmers for languages other than English.
Stemmers are being developed for other languages but most
have not been extensively tested. Fortunately, Xerox lin-
guists have developed an alternative solution based on the
use of inflectional analysis. This approach is particularly
valuable for term translation, as it only conflates word forms
which have the same inflectional root, so no additional ambi-
guity is introduced before translation. In terms of IR perfor-
mance, it works as well as traditional stemming algorithms
in English [Hull, 1996] and provides similar improvements
for Spanish [Hearst et al., 1996].

Xerox has developed a methodology [Chanod, 1994]
which can be used to comstruct a morphological analyzer
for a new language in 8-10 person/months, and tools have
already been built for most Western European languages.
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These analyzers recognize the possible parts of speech of
each token in a text and provide a normalized form for a
variety of surface forms. For example, the French word
joignaient (joined) is morphologically analyzed as the 3rd
person plural preterite form of joindre. The German word
Weingdrtnergenossenschaften is analyzed as the feminine
plural noun Wein#Gadrtner# Genosse(n)#schaft composed
of the agglutination of the words Wein, Gdrtner, Genosse,
and schaft. In addition to providing principled stemming,
morphological analysis is a necessary step in any subsequent
natural language processing, such as noun phrase recogni-
tion. It is also crucial for finding term entries in bilingual
dictionaries.

Query translation requires extemsive resources for each
language pair under consideration. Depending on the ap-
proach, this may include (1) a machine translation sys-
tem, (2) bilingual thesauri or transfer dictionaries, (3) in-
formation derived from parallel texts and/or monolingual
domain-specific corpora. Machine translation systems are
useful for direct query tramslation. Bilingual dictionaries
are one source of definitions for term vector mapping. Par-
allel corpora can be used to extract relationships between
terms for term vector tramslation or as a reference for the
indirect query translation strategies described in the previ-
ous section. Domain-specific monolingual corpora can be an
important source for terminology and can be used as a sur-
rogate when parallel corpora are not available in the field of
interest, although the process of extracting translations is
much more difficult and manual effort may be required.

Bilingual general language dictionaries in machine read-
able form are more and more available, although they tend
to be expensive to obtain. Unfortunately, they are designed
with human readers in mind and thus need to be adapted for
use by automatic retrieval systems. For term vector trans-
lation, the system needs only the direct translations of each
entry, which we will define as a bilingual transfer dictionary
(also sometimes called a bilingual thesaurus). Bilingual gen-
eral language dictionaries contain more verbose definitions
and examples including large amounts of vocabulary that
would not be suitable for IR. Converting a bilingual dictio-
nary to a transfer dictionary is a non-trivial effort.

Parallel text collections can also be used for term vector
translation, but doing so accurately requires immense quan-
tities of training text and statistical models of great sophis-
tication. The work of Brown et al. [Brown et al., 1993] from
IBM epitomizes this strategy. They generate not only term
translation vectors but corresponding translation probabili-
ties for each link which accurately model the distribution of
the training corpus. This approach is extremely compelling
but the translation probabilities must be applied with cau-
tion, as they may not generalize to other domains and they
are generated independent of context. The IBM work is de-
signed for machine translation and has not been tested on
the MLIR problem. Much simpler approaches, such as the
matching of associated terms from aligned sentences sug-
gested by Davis and Dunning have not yet been proven to
be effective.

Of these two resources, bilingual general language dic-
tionaries are more prevalent than parallel texts of sufficient
size to have similar coverage. While creating a transfer dic-
tionary is not a simple process, the effort required to imple-
ment the IBM approach makes the former task seem simple
in comparison. Therefore, our experiments use a bilingual
transfer dictionary. In a sense, one can consider these two
approaches as complementary. The transfer dictionary pro-
vides broad but shallow coverage of the language. All major



words in the language are defined but most technical termi-
nology is missing and translation probabilities are not avail-
able. On the other hand, parallel corpora provide narrow
but deep coverage, particularly when they concentrate on a
single domain. The ideal MLIR system of the fature will
want to take advantage of both of these resources.

5 Previous Experiments in MLIR

There is a long history of multilingnal text retrieval in
the context of controlled vocabulary systems. Salton
[Salton, 1970] and Pevzner [Pevzner, 1972] demonstrated in
the early 70’s that cross-language text retrieval systems per-
form as well as their single-language counterparts given a
carefully constructed bilingual thesaurus. A large number of
governmental and commercial applications have been devel-
oped based on this approach. However, controlled vocabu-
lary systems are less than ideal for modern text retrieval for
a number of reasons [Oard & Dorr, 1996]. First and fore-
most, these systems require considerable human effort in
thesaurus contruction and document indexing (which is of-
ten not fully automated), something that is just not feasible
for large modern text collections which use language in a
much more dynamic fashion. As retrieval is generally based
on a simple boolean model, these systems also require con-
siderable skill to be utilized effectively and tend to be less
robust and less effective than systems which can rank doc-
uments using full-text statistical matching techniques. For
more information on multilingual text retrieval research and
applications, readers are encouraged to consult Qard’s com-
prehensive review [Oard & Dorr, 1996).

Experimental work on the application of MLIR to full
text retrieval systems is sparse indeed, with two notable ex-
ceptions. Christian Fluhr and colleagues at INSTN have
developed a ranked boolean system which uses bilingual
term, compound, and idiom dictionaries to work on English-
French and French-German cross-language retrieval*. Rad-
wan and Fluhr [Radwan, 1994] conducted experiments using
the Cranfield collection and translated French queries and
obtained the following results [p. 244]: monolingual system
- 0.345, MLIR using term vector translation and transfer
dictionaries - 0.270, MLIR using machine translation (SYS-
TRAN) - 0.215, as measured by average precision at 10-90%
recall. These experiments provide strong evidence that term
vector translation is more effective than machine transla-
tion. Mark Davis and Ted Dunning from NMSU have tried
a variety of corpus learning methods on English queries
and a Spanish document collection (the Mexican newspa-
per El Norte) and have found that all of their translated
query sets performed far worse than the monolingual base-
line [Davis & Dunning, 1996]. Their research suggests that
corpus learning strategies alone will not be sufficient to
provide acceptable performance for MLIR. In contrast to
Fluhr’s system, it appears that Davis and Dunning gener-
ated their query translations entirely automatically. No one
has yet been able to build an automatic system that per-
forms effectively without considerable human intervention
in the dictionary contruction process.

6 The Xerox Experimental Approach

Multilingual IR systems can be evaluated automatically in
much the same fashion as monolingual IR systems, using

*Much of this work is from the EMIR European Project:
http://www.newcastle.research.ec.org/esp-syn/text/5312.html.

52

queries with known relevance judgements. However, in the
multilingual context, there is a strong desire to compare the
results against the optimal performance of the system if the
query were perfectly translated. This gives rise to the fol-
lowing approach to evaluation in MLIR. Start with queries,
documents, and relevance judgements in a single language.
Have the queries translated into another language by human
translators. These translated queries are retranslated by the
MLIR system, and the results can then be compared to the
original queries to get a good semse of the relative perfor-
mance of the MLIR system. All the experiments described
in the previous section use some variant of this strategy.

Following this well-motivated and well-tested methodol-
ogy, we worked with translated French queries and English
documents. Our experiments used the TIPSTER text collec-
tion and queries 51-100 from the recent TREC experiments
[Harman, 1995]. We chose to use only the news component
of the collection, which consists of articles from the Wall
Street Journal, AP newswire, and the San Jose Mercury
News, and amounted to roughly half a million documents or
about 1.6 GB of text. The 50 selected queries were trans-
lated into French externally by a professional translator. We
used the term vector translation model, with query transla-
tions generated by a bilingual transfer dictionary.

A careful examination of the queries and some prelim-
inary experiments made it clear that the original queries
were not suitable for multilingual information retrieval due
to their length and content. In particular, the Concept fields
of the queries contain large amounts of specific terminology,
much of which has no good translation and was therefore
left in English by the human translator. For example, most
acronyms {GATT, LBO, OSHA, SALT II, OPEC, FDIC,
NRA, LAN) and proper names (Reagan, Bush, Iran-Contra,
Toshiba, M-1 Abrams, AH-64 Apache) are not translated
and most technical terminology has one unique translation.
Using this information, the MLIR system was able to attain
unrealistically high levels of performance. While this may be
reasonable for a technical domain, we wish to obtain a more
general picture of the problems associated with query trans-
lation. Researchers have recognized that most real queries
are only a few words long, and this is even more likely to
be the case when users are not working in their native lan-
guage. To address this issue, we decided to work with short
versions of the queries (average length of seven words) that
had been created for previous TREC experiments and trans-
lated them into French. While some acronyms and termi-
nology remain, the overwhelming majority of the language
independent evidence has been removed.

We also converted an on-line bilingual French = En-
glish dictionary (Oxford Hachette, 1994) to a word-based
transfer dictionary suitable for text retrieval, which involved
the removal of large amounts of excess information. Unfor-
tunately, this was neither a simple nor a fully automatic
process. Although the dictionary was formatted in SGML,
which allowed for automated filtering of sections such as pro-
nunciation, etymology, and examples, these markings were
not always coherent or correct, creating one source of errors
in our translation assignments. In some cases it was possi-
ble to detect these marking errors. For example, we would
label for manual treatment any translation containing per-
sonal pronouns such as 7 or we. 462 of the 34000 definitions
were manually treated based on this filter. Sometimes, es-
pecially for common words, the dictionary entry was so long
and complex that the automatic filtering would fail, either
due to bugs in the filter or misplaced SGML markers. For
example, automatic extraction of translations of the com-



English: politically motivated civil disturbances
French: troubles civils & caractére politique
Term vector retranslation:
trouble — turmoil discord trouble unrest disturbance disorder
civil — civil civilian courteous
caractére — character nature
politique — political diplomatic politician policy

Table 1: An example of the query translation process for
short query Q67

mon French word prendre (to take) gave 23 words including
success, break, catch, sct, sink, stiffen, take, thicken, find,
oneself, lay, idea, bring, charge, handle, pick, client, put,
accent, one’s, arm, waist, customer. We left such noisy def-
initions as they were produced, but a serious manual clean-
ing of the dicionary would be beneficial. 521 of the transfer
dictionary entries (mostly common words) had ten or more
translations. Duplicate terms were removed from each defi-
nition.

A further and more pernicious error for our system was
the use of encyclopedic definitions which elaborate on the
translation of the word, introducing contextual words that
are not proper translations of the dictionary head word, but
rather clues to a human user about how and where the word
is used. These clues are often embedded in the heart of the
definition and thus reappear after automatic filtering. For
example, the French word radiation was filtered to: radsi-
ation, ezpulsion, striking off from the register, loss of the
license to practice medicine, disbarring. Filtering out stop-
words still left disbarring, expulsion, radiation, striking, reg-
ister, loss, license, practice, medicine as translation equiv-
alents. Ideally, one would only retain radiation, expulsion,
and perhaps disbarring. In an IR setting, it is evident that
the terms register, license, and medicine add considerable
noise to the results. Our automatic filtering created an ob-
Jject that more resembles a thesaurus than a dictionary.

The MLIR process consists of three basic steps. First,
the query is morphologically analyzed and each term is re-
placed by its inflectional root. Second, the system looks up
each root in the bilingual transfer dictionary and builds a
translated query by taking the concatenation of all term
translations. Terms which are missing from the transfer
dictionary are passed unchanged to the final query. The
translated query is then sent to a traditional monolingual IR
system. Documents are also normalized to their inflectional
roots. This is the simplest possible approach to MLIR, since
all issues relating to specialized term weighting and resolv-
ing ambiguity in translation are ignored. It is designed to
serve as a baseline, and future efforts will improve upon this
model. Table 1 shows a sample query.

These experiments use a modified version the SMART in-
formation retrieval system [Buckley, 1985], which measures
the strength of the link between the query and each docu-
ment using the vector space model. We apply the square-
root function to term and document frequencies. Query
term weights are multiplied by the traditional IDF factor
while documents are normalized to have unit length. Docu-
ments are ranked in descending order of their inner product
score with respect to the query and performance is evaluated
by comparing the ranked list to known relevance judgments.

The unique characteristics of MLIR suggest specific
strategies for evaluation. One would expect in general that
translated queries (particularly short ones) will tend to per-
form worse than the original queries due to errors and ambi-
guity introduced by the translation process. Success in infor-
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mation retrieval depends on the ability of the user (with help
from the system) to find vocabulary which appears in the
documents of interest. This task becomes much more diffi-
cult when the terminology must cross language boundaries.
This suggests that relevance feedback techniques, which im-
prove the query by incorporating information from previ-
ously discovered relevant documents will be a particularly
important tool in the multilingual setting.

In addition, the user cannot be expected to quickly read
and evaluate (or have translated) lots of documents in a
foreign language. Therefore, high precision should be an
important goal for an MLIR system. Once a few relevant
documents have been collected, the system can resort to
monolingual relevance feedback to find more relevant doc-
uments if high recall is the final goal. Note that for these
experiments, we are assuming that the user is working with
a monolingual collection. For a multilingual document col-
lection, good relevance feedback would probably necessitate
obtaining at least one relevant document in each language
of interest. For these reasoms, we choose to use precision
averaged at 5, 10, 15, and 20 documents retrieved as the
evaluation measure.

7 Experimental Results

Our experiment compares the original English queries to
three retranslations generated by different versions of the
transfer dictionary. The first version uses the dictionary
constructed automatically by the process described in the
previous section. Given that many dictionary entries have
extraneous terms and sometimes the correct definition is
missed completely, we decided to also build a clean version
of the transfer dictionary manually for the query terms used
in the experiment. Since the queries are short with some
duplication, there are only about 300 unique terms to look
up. We used the 3rd edition Robert and Collins French-
English dictionary (not online) for this work. In hindsight,
we realized that using different dictionaries for automatic
vs. manual translation® may cause some inconsistency in the
results, largely because one dictionary may be more compre-
hensive than another, resulting in more definitions for some
terms. The second query representation is generated from
this manually constructed transfer dictionary.

Q53:
Q55:
Q56:
Q58:
Q62:

rachat financé par emprunt =3 leveraged buyout
délit d’initié = insider trading

taux d’emprunt préférentiels == prime lending rate
chemin de fer = railroad

coup d’état =3 coup d’etat

Q64: prise d’otage => hostage-taking

Q65: systéme de recherche documentaire —> information re-
trieval system

Q66: langage naturel = natural language

Q70: mére porteuse =) surrogate mother

Q82: génie génétique =) genetic engineering

Q88: pétrole brut = crude oil

Q90: gaz naturel —> natural gas

Q96: programme informatique => computer program

Table 2: A list of the important multi-word expressions in
the query sample

5We remind the reader that in this context translation means re-
placing a source language term with all entries from the transfer dic-
tionary. No lexical ambiguity is resolved.



During the manual construction process, we realized that
the translation of multi-word noun phrases as an individ-
ual unit is particularly important. The automatically cre-
ated transfer dictionary provided word-based translation
only. Therefore, whenever we found a multi-word expression
(MWE) in the bilingual dictionary which was also matched
in the query, we added it to the transfer dictionary. See Ta-
ble 2 for a list of these expressions. This multi-word transfer
dictionary serves as the basis for the third query representa-
tion. In summary, we generated four different experimen-
tal runs: (a) the original English queries and translated
queries constructed from (b) the automatically generated
word-based transfer dictionary, (c) the manually built word-
based transfer dictionary, and (d) the manually built multi-
word transfer dictionary. Experiments (c) and (d) are arti-
ficial, in the sense that this level of performance could not
be obtained for a different set of queries without additional
manual effort. They are included to help us understand the
inherent limitations of this methodology by factoring out
problems with the current implementation. The evaluation
results averaged over the 50-query sample are presented in
Table 3.

Automatic Manual Manual
Original | word-based word-based multi-word
English | transfer dict. | transfer dict. | transfer dict.
0.393 | 0.235 [ 0.269 [ 0.357

Table 3: Average Precision at 5, 10, 15, and 20 documents
retrieved for the original English queries and translation via
three different versions of the transfer dictionary.

When we analyze the average performance figures using
the Friedman Test [Hull, 1993], we find that queries (b) and
(c) perform significantly worse than queries (a) and (d), but
that the difference between tramslation by the multi-word
transfer dictionary (d) and the original English queries (a)
is not statistically significant. While there is probably a
real difference present which we were unable to detect due
to the small size of the query sample, these results indicate
that an IR system can perform almost as well across lan-
guages as it can in a monolingual setting, provided that a
sufficiently accurate and comprehensive transfer dictionary
is available. Correct translation of multi-word expressions
makes the biggest difference in average performance.

There are several caveats which should be applied to
these results. We had to manually construct the multi-
word transfer dictionary in order to obtain the best results.
Building a similar dictionary with full coverage of the lan-
guage would be an immense task, therefore the final col-
umn of Table 3 should be interpreted as an optimal perfor-
mance benchmark for transfer dictionary-based translation
and represents a level of performance which is not currently
attainable. Second, most modern IR systems have many
additional features, such as automatic query expansion or
phrase matching which improve performance. Our original
English performance baseline has none of these features (i.e.
MWPE’s are scored by individual term matching only). Were
such techniques applied, the gap in performance between the
original and translated queries could well increase. There are
other ways in which we might be able to improve the English
baseline, such as adopting term-weighting strategies that are
better suited for short queries.
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7.1 Detailed Query Analysis

The average performance analysis shows only part of the pic-
ture. In order to get a different view of the results, we break
down the performance by query in Table 4. We begin by
removing the 8 queries whose original English version have
an average precision of 0.0 from the sample (corresponding
to no relevant documents ranked in the top 20). The goal
of the MLIR system is to obtain performance equivalent to
its monolingual counterpart. However, there is an impor-
tant difference between systems that perform equally well
at a high level and equally poorly (i.e. score zero according
the evaluation measure). In the top half of the table, we
arbitrarily define an absolute difference of average precision
of more than 0.10 as important and partition the remaining
queries according to whether their translated versions fall
above or below this threshold. In the bottom half the table,
we divide the queries that perform worse in translation ac-
cording to whether they have an average precision greater
than zero.

Automatic Manual Manual

Performance word-based word-based multi-word

trans dict trans dict trans dict
Tr > Ong 1 3 4
Tr =~ Orig 19 22 26
Tr < Orig 22 17 12
0.0 < Tr < Ong 10 9 9
Tr=0.0 12 8 3

Table 4: Comparison of the performance of the translated
(Tx) and original (Orig) English queries. Values given are
the number of queries in each category.

We notice a steady improvement in performance as more
manual effort is applied to the dictionary constuction pro-
cess. This difference is reflected primarily in queries moving
from having no relevant documents ranked in the top 20
to at least some relevant documents scoring well, which is
important. Recovering at least one relevant document is
substantially better than finding none, because monolingual
relevance feedback becomes a viable option. There are even
some queries which perform much better in their translated
versions.

In order to gain a better understanding of the problems
associated with query translation, we selected the 17 queries
which did worse when translated using the manual word-
based transfer dictionary and performed a detailed failure
analysis. We found that 9 lost information as a result of the
failure to translate multi-word expressions correctly, 8 had
problems due to ambiguity in translation (i.e. extraneous
definitions added to query), and 4 suffered from a loss in
retranslation. Note that the total is greater than 17 because
some queries suffered from more than one problem.

Our experimental results demonstrate that recognizing
and translating multi-word expressions is crucial to suc-
cess in MLIR. This is in distinct contrast to monolingual
IR, where identifying noun phrases or word pairs generally
helps but does not produce dramatic gains in average perfor-
mance. The key difference is that the individual components
of phrases often have very different meanings in translation,
so the entire sense of the phrase is often lost. This is not
always the case, but it happens often enough to make cor-
rect phrase translation the single most important factor in
our multilingual experiments. About half of the expressions
given in Table 2 lose vital semantic content when translated
on a word by word basis.



Ambiguity in translation can also cause serious problems
by adding noise to the query in the form of irrelevant transla-
tions. Here are some examples which illustrate the problem:

o machine = machine =3 machine engine

¢ amendment =—» amendement —> amendment enrichment
enriching agent

¢ measure —» mesure = measure measurement moderation
tempo

o failure = faillite =3 fail bankruptcy collapse failure
¢ military =} militaire =} military army serviceman

o affair — affaire =—> matter business affair case deal bar-
gain transaction

In those case where rare and inappropriate definitions are
added to the query (machine, amendment, measure), the
ambiguity seriously hurts performance. In other cases (fail-
ure, military), the expanded terms all have similar meaning,
and the results remain unchanged (since the query using fail-
ure is on bank failures). In the last example (affair - taken
from Iran-Contra affair), the additional terms are valuable
for query expansion, and cause a dramatic improvement in
performance. Thesauri are legitimate tools for query expan-
sion and this benefit can sometimes extend to the multilin-
gual domain.

As mentioned previously, the simple concatenation of
dictionary entries (giving all terms in the query equal
weight) is a particularly naive approach to the problem
of term weighting in query translation. However, it per-
forms quite well given its simplicity. An alternative ap-
proach might be to adopt a probabilistic scheme that ad-
justs the weights according to the number of translations.
For example, the three English translations of a French term
would each get 1/3 of their normal term weight, correspond-
ing to the uncertainty of the system regarding the correct
definition. We tried this experiment, and found that the
average precision dropped from 0.357 to 0.297 as a result
of this measure. However, we should note that the 11-pt
average precision remained constant and average precision
of the reweighted queries was actually higher for 50% and
greater recall.

How can we explain this result? A scan through the list
of translations reveals that the occurrence of many transla-
tions is not necessarily a sign of uncertainty, as definitions
are often close synonyms of one another. Full weighting of
the dictionary expansion of affair above sharply improved
performance. While words with only a single translation
appear in general to be more valuable, we have not found
an effective way to verify or exploit this observation. Most
modern IR systems weight each term fully in query expan-
sion, so our naive approach to term weighting (in the absence
of more valuable information) seems reasonable.

Translation is not a isomorphic mapping. There are
many humorous examples of how quickly meaning decays
with repeated translation. In our experiments, there is only
one intermediate language, but this alone can lead to confu-
sion. We describe problems of this kind as loss in retransla-
tion. It is important to remember that there is an additional
source of error in our experiments that comes from the fact
that we translate the queries into French before they are
translated back into English. A French user working di-
rectly with the MLIR system would not have this additional
layer of indirection. Here are some examples of this process
(braces link multiple translations of the same term).

¢ financial crunch = pertes financiéres = [loss ruin waste]
financial

e proven =3 confirmé =3 confirmed
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¢ demographic shifts =—> déplacements de population ==>
population [movement displacement transfer travel trip]

o valued = représentant = represent stand portray depict
representative

Many of these examples could be correctly resolved with
a perfect transfer dictionary, but the variety and richness
of language is such that a complete reference of this kind
cannot be created.

7.2 Sample Query Profile

In order to give a concrete picture of the general problems
discussed in the previous section, we present a detailed pro-
file of a single query. Table 5 shows the original text and the
results of retranslation using the manually-generated ver-
sion of the transfer dictionary for query Q76. This query
is definitely not a triumph for our system, as the average
precision score of 0.54 for the English text decays to 0.05
after retranslation. The course of this decay is measured in
Table 6.

English: original intent or interpretation of amendments to the
U.S. Constitution
French: l'intention premiére ou une interprétation d'un amende-
ment de la constitution des USA
Term vector retranslation:

intention - intention benefit

premiére — first initial bottom early front top leading basic
primary original

interprétation — interpretation

amendement — amendment enrichment enriching agent

constitution — formation settlement constitution

USA - USA

Table 5: An example of the query translation process for
short query Q76

version | prec. | reasons for decay
orig Eng | 0.54
LR 0.34 | intent = intention, U.S. == USA
TA 1 0.19 constitution, amendment
TA 2 0.10 original, intention
trans Eng | 0.05

Table 6: The decay in performance of query 76 from the
oniginal English (orig Eng) to the translated English (trans
Eng) due to translation ambiguity (TA) and loss in retrans-
lation (LR)

The first drop is caused by loss in retranslation. These
differences are very subtle, but surprisingly important for IR
performance, and demonstrate that search success is highly
dependent on seemingly random choices in word selection.
Intent and intention are close synonyms, and even native
speakers of English might not distinguish between them in
this context. These particular errors are partly due to the
experimental methodology®, but they are representative of
the kinds of problems that a non-native speaker might have
in finding the best vocabulary to describe a query topic.
The two subsequent drops are the results of translation am-
biguity, due to the fact that each word is replaced by all

6Many traditional stemming algorithms (such as Porter) would
normalize these words to the same root, but inflectional morphol-
ogy maintains the distinction as each word has a separate dictionary
definition.



of its translations. Clearly, words like enrichment, settle-
ment, and formation are unrelated to the primary topic of
the query. If this ambiguity could somehow be resolved, we
could expect some real improvements in performance.

Fr: amendement | Fr: constitution | x? score
amendment formation 4
settlement 71
constitution 11961
enrichment formation 8
settlement 7
constitution 9

Table 7: Chi-square scores generated from a likelihood ra-
tio test applied to contingency tables of document cooccur-
rences

One possible approach to resolving ambiguity would be
to use the target language text to determine which trans-
lations tend to occur together. If tramslations of different
query terms are used in the same context then this is ev-
idence in favor of these particular translations. For exam-
ple, it would not be too difficult to identify amendement de
la constitution as a noun phrase and look at the document
cooccurrence patterns among the translations of the compo-
nent terms. The statistical significance of the cooccurrence
pattern for the contingency table generated by each pair
of translations is measured using the likelihood ratio test
[Dunning, 1993] and presented in Table 7. The higher the
score, the less likely that these words would occur together
by chance. From these results, the correct translation can
easily be recognized. However, when we repeated the same
experiment for intention premiére we found no such evident
pattern. It would also be difficult to determine which pairs
of words to compare on a general basis. A serious effort to
resolve ambiguity would require a much more comprehensive
approach, but this example suggests that the development
of such a strategy might be feasible. We plan to attack this
problem in our future research.

8 Future Extensions

There are two primary sources of error in our current im-
plementation of a multilingual information retrieval system,
missing translations of multi-word expressions and unre-
solved ambigunity in word-based tramslation. In addition,
there will be some loss in retranslation due to the experi-
mental design which cannot be avoided (i.e. the ambiguity
introduced by the human translator). We find a substan-
tial gap in performance between the original English queries
and the translated queries which are generated from our
noisy automatic word-based transfer dictionary. However,
the dramatic improvements that result from manual cor-
rections and additions to this dictionary indicate that with
work, one can expect the MLIR system of the future to ap-
proach the performance level of its monolingual counterpart.
We hope to move in that direction with our future efforts.
To obtain multi-word expressions, one could simply at-
tempt to gather together terminology lists from various spe-
cialized domains. Howecver, such resources arc precious and
tend to be carefully guarded by their owners, making them
expensive and not easily available. A natural alternative
to the direct approach is to perform terminology extraction
from corpora. There has been extensive research on the
automatic recognition of terminology translations in paral-
lel corpora [van der Eijk, 1993, Dagan & Church, 1994] and
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even some work on using non-parallel domain-specific cor-
pora [Peters & Picchi, 1991]. Information extracted by
these techniques could be used to supplement the transfer
dictionary in an MLIR system.

The error due to ambiguity could probably be reduced
with proper term weighting strategies, although this is
a difficult problem. The term alignment work of IBM
[Brown et al., 1993] directly generates vectors of translation
probabilities which could be incorporated into an MLIR sys-
tem. This might help to reduce the importance of rare trans-
lations. However, these translation probabilities are likely to
be highly domain-dependent so it is unclear how much they
would help performance unless the training corpus is closely
related to the collection used for retrieval. A multilingual
collection, a fraction of which was available in parallel form,
would be ideal for this kind of experiment. The vector space
model is based on a term independence assumption, which is
a questionable approximation of the true nature of language.
This becomes a particularly cogent problem when one con-
siders that the translation probabilities generated by IBM’s
word alignment follow this assumption. A very rare trans-
lation may always be correct in a particular context. Given
the amount of data required to reliably estimate a word
alignment model, the additional goal of estimating context
based translation rules is probably still out of reach, as this
step goes a long way towards solving the machine translation
problem.

The term vector translation model tends to assume that
retrieval strategies rely solely on the vector space model. In
many ways, a weighted Boolean model might be more appro-
priate for MLIR. Linking term translations by disjunction
would represent an elegant solution to the term weighting
questions discussed in previous section. User derived con-
junctions between query terms could serve as a natural fil-
ter for extraneous translations. Weighted boolean models
deserve serious consideration in the context of multilingual
information retrieval.

Direct translation filtering strategies applied to the tar-
get language text collection represent a promising direction
of research. One very simple method was presented in Ta-
ble 7. More complex strategies could be devised that fil-
ter using context from the document collection. This ap-
proach has the nice advantage that the same collection is
being used for both disambiguation and retrieval, so do-
main relevance of the filtering process is guaranteed. In this
light, the translation disambigunation problem bears a strong
resemblence to term disambiguation in a monolingual set-
ting. In fact, a number of researchers [Dagan et al., 1991,
Brown et al., 1991] have used cross-language relationships
to help with disambiguation. Given the limited success
of term disambiguation as a tool for IR [Sanderson, 1994],
there is some question about whether we can hope to gain
any benefits out of translation filtering. Translation disam-
biguation may well work better as an interactive tool. If the
user has some familiarity with the target language, he or she
could be given a list of items and asked to select the intended
definition, or perhaps eliminate the few that are clearly not
relevant. This would be a lot cheaper and probably a lot
more effective than automatic disambiguation.

Our experiments examine a very basic approach to multi-
lingual information retrieval, simply replacing each term by
the concatenation of its translations, as found in a transfer
dictionary. This approach can work quite well if the dictio-
nary is robust and comprehensive and translations for multi-
word expressions are available. The current challenge in
MLIR is to find ways to automatically extract the terminol-



ogy lists and translation probabilities that are not available
in the current generation of bilingual dictionaries. There
is also a need to explore more structured query models of
the translation process and determine whether or how much
automatic disambiguation is desirable. Work has only be-
gun on this broad class of problems, so there are plenty of
challenges ahead.
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